1. Introduction {#s0005}
===============

The tourism industry, a significant sector for economic growth, helps develop catering, accommodation, transportation, entertainment, retail and other consumer tourism industries ([@bb0185]; [@bb0210]; [@bb0275]). Global international tourists (overnight visitors) grew by 6% to an estimated 1.4 billion in 2018, and tourism revenue that year reached US\$5.34 trillion, equivalent to over 6% of global GDP. In emerging economies, tourism income is outsize, equivalent to 15% of their GDP. The Middle East (+10%) and Africa (+7%) led 2018 tourism growth, with the increase in arrivals to Asia and the Pacific and to Europe (both +6%) remaining in line with the global average. ([@bb0280]; [@bb0290]).

Tourism\'s contributions to the economic growth of many countries and regions make tourism management and, consequently, the forecasting of tourism demand fertile areas for scholarly research ([@bb0010]; [@bb0050]; [@bb0255]). Considering the disconnect between limited tourism resources and the steady growth in demand, accurate forecasting of demand is a vital research direction that can enable practitioners and decision makers in the tourism industry to optimize resource allocation ([@bb0080]; [@bb0215]; [@bb0255]). In the past decades, a large number of forecasting studies and methods have been proposed, applied and tested in the field of tourism demand forecasting ([@bb0025]; [@bb0145]; [@bb0320]). With the globalization of world economy and rapid development of modern information technology, new topics and insight into tourism demand forecasting are emerging ([@bb0170]; [@bb0215]). Given the sharp increase in research interest in tourism demand forecasting, traditional tourism journals have developed and academic journals in related disciplines publish relevant academic papers, traditional narrative reviews and systematic quantitative review ([@bb0040]; [@bb0185]; [@bb0255]; [@bb0300]). Despite extensive publications and methods for forecasting tourism demand, previous review articles have infrequently visualized knowledge maps in the field, leaving little known about such maps\' potential to show overall structure ([@bb0060]; Li et al., 2017a).

A priority in this paper is to express the concept, method and hot topic of tourism demand forecasting research through visual/graphic (infographic) formats to demonstrate how the field develops over time and to see the future research directions ([@bb0060]; Li et al., 2017a). Scientometric analysis is both a visual knowledge figure and a serialized knowledge pedigree for discovering knowledge domains, identifying research trends, and revealing complex relationships among authors and organizations ([@bb0200]; Li et al., 2017a; [@bb0245]). Scientometric analysis also can evaluate and examine the research development and performance of institutions, countries and journals in a specific research field ([@bb0200]). To provide one-stop approach for scientometric analysis, CiteSpace, an especially popular tool for knowledge mapping, integrating co-citation analysis, collaboration network and evolutionary trend detection ([@bb0310]) is useful for identifying among papers their knowledge domains and emerging trends. Nodes and links are the building blocks of CiteSpace visualization graphs which use concentric circles of different colors in a node to denote researches in time slices with networked relationships represented by links ([@bb0060]).

By using the CiteSpace and reviewing tourism demand forecasting research published between 1999 and 2018, it is possible to display the evolution of a knowledge domain on a network map and to identify research frontiers. In particular, four major questions should be focused on: 1) What are the statistical key figures of the development status of subject classification, high-yield journals, high-yield authors, high-yield institutions and highly cited papers? 2) What are the citation status and influence of documents, journals and authors in co-citation analysis? 3) How prominent are individual countries/regions, institutions and authors in the corresponding collaboration network? 4) What research phases and opportunities for future research seem promising? Accordingly, three main objectives of this study are: (1) summarize the tourism forecasting research published during 1999--2018, by statistical analysis subject categories, high-yield journals, high-yield authors, high-yield institutions, and highly cited papers; (2) provide an analysis of the overall research status for tourism demand forecasting from the perspective of document, journal, author co-citation analysis and collaboration network; (3) present, based upon keywords analysis and documents co-citation cluster analysis, a new integrated, holistic knowledge map that includes knowledge domains, evolutionary trends, and future research directions.

In [Section 2](#s0010){ref-type="sec"}, we elaborate on methodology involving research framework and database construction. In [Section 3](#s0025){ref-type="sec"}, six statistical summaries of findings are demonstrated. The results of the scientometric analysis are reported in [Section 4](#s0060){ref-type="sec"}, including the co-citation analysis, collaboration network and emerging trends analysis. [Section 5](#s0120){ref-type="sec"} gives a comprehensive conclusion and corresponding discussion based on scientometric analysis, and suggestions for future research.

2. Methodology {#s0010}
==============

This section gives our methodology of scientometric analysis for tourism demand forecasting. [Section 2.1](#s0015){ref-type="sec"} presents the methodology\'s general framework. [Section 2.2](#s0020){ref-type="sec"} shows the collection of empirical data.

2.1. Framework {#s0015}
--------------

In this study, we constructed an integrated analysis framework to analyze and visualize tourism demand forecasting research published in 1999--2018, as shown in [Fig. 1](#f0005){ref-type="fig"} . This study encompassed a statistical summary of findings and scientometric analysis. Based on a descriptive statistical summary, six interesting general findings regarding the distribution of topical articles published in 1999--2018, subject categories, statistics about high-yield journals, authors and institutions, and most highly cited papers were deduced for the existing tourism research in the first part. As for the scientometric analysis, author and institution influence, the cooperation network between countries/regions, the research phases, hot topics and future research directions can be obtained by identifying and visualizing the evolution of the co-citation analysis, collaboration network and emerging trends. While the co-citation analysis incorporates co-cited authors, co-cited documents, and co-cited journals, the collaboration network mainly analyzes cooperation among countries/regions, institutions and authors, while the emerging trends analysis includes keywords analysis and documents co-citation cluster analysis.Fig. 1The integrated analysis framework.Fig. 1

2.2. Database construction {#s0020}
--------------------------

For the purpose of this study, the core collection database from Web of Science (WoS), which contains some 12,000 high-impact journals and more than 160,000 conference proceedings, was used to obtain research data in the field of tourism demand forecasting ([@bb0060]; [@bb0170]). The use of WoS pinpointed high-quality journal articles that guaranteed the reliability of the study\'s data source.

When retrieving articles from the WoS Core Collection database, the criteria were: (1) themes = "tourism demand forecasting" or "tourism demand prediction" or "tourist arrivals forecasting" or "tourist arrivals prediction" or "tourist flow forecasting" or "tourist flow prediction" or "hotel demand forecasting" or "hotel demand prediction" or "hotel room forecasting" or "hotel room prediction"; (2) database = Science Citation Index Expanded (SCI-EXPANDED), Social Sciences Citation Index (SSCI), Conference Proceedings Citation Index-Science (CPCI-S) and Conference Proceedings Citation Index-Social Science & Humanities (CPCI-SSH); (3) time span = "1999--2018"; (4) document types = "article" or "review" or "proceedings paper." Literature type was limited to journal articles in English. The volume of the research literature on tourism demand forecasting and the need for accuracy necessitated setting those four screening criteria ([@bb0065]). When each article\'s bibliographic information was downloaded from the WoS Core Collection database, the different variables (e.g., author(s), title, abstract, keywords, source publications, research direction and references) were retained. Articles unrelated to research theme were removed through a manual screening process. Proceedings papers with fewer than five citations were deleted. The search with these parameters retrieved 388 publications that were downloaded May 4, 2019.

3. Statistical summary of findings {#s0025}
==================================

This section provides the articles\' statistical account by demonstrating the distribution of published papers, subject categories, high-yield journals, high-yield authors, high-yield institutions, and highly cited papers.

3.1. Distribution of published papers {#s0030}
-------------------------------------

The time distribution of literature from 1999 to 2018 (illustrated in [Fig. 2](#f0010){ref-type="fig"} **.**), and some periodical characteristics of article evolution can be seen. The study shows a steady global increase in number of tourism demand forecasting articles, falling into roughly three phases. In the first (development) phase, the number of articles published from 1999 to 2007 was under 10 per year, a sluggish rate that corresponds to the rate of development of the global economy. In the second (rapid development) phase, more than 20 articles were annually published during 2008 to 2013, and in this third (steady development) phase, the number of annually published articles increased to more than 35 during 2014 to 2018.Fig. 2Time distribution of tourism demand forecasting literature, 1999--2018.Fig. 2

Particularly, the published article numbers do show that, before 2008, the top three countries each published an equal number of articles, but since then, China (including Mainland, Hong Kong, Taiwan and Macao) has gradually become the most prolific country. Specifically, in the rapid development phase (2008 to 2013), the number of articles in the top three countries rose and then declined to varying degrees. In the steady development phase (2014 to 2018), the number of articles from the United Kingdom (England, Scotland, Wales and Northern Ireland) and the United States were in a steady state, while Chinese articles experienced an upward trend of rising excepting 2016. For the period 1999--2018, China accounted for 39.17% in overall volume of publications, the US for 16.49% and the United Kingdom for 12.88%.

3.2. Subject categories {#s0035}
-----------------------

From the perspective of subject categories distribution, as shown in [Fig. 3](#f0015){ref-type="fig"} , tourism demand forecasting is a multidisciplinary research field mainly involving hospitality leisure sport tourism (56.44% of the total), management (30.93%), economics (22.86%), environmental studies (18.30%) and computer science artificial intelligence (7.47%).Fig. 3Distribution of the main subjects of tourism demand forecasting literature.Fig. 3

3.3. High-yield journals {#s0040}
------------------------

From the distribution, as shown in [Table 1](#t0005){ref-type="table"} , it can be seen that high-yield journals primarily come from tourism and hospitality, and from forecasting and operations research. *Tourism Management* leads with 65 publications, followed by *Tourism Economics* (41), *Annals of Tourism Research* (21) and *Journal of Travel Research* (21). Journals about forecasting and hospitality management also issued highly influential articles. These ten journals shown in [Table 1](#t0005){ref-type="table"} are fundamental to tourism forecasting research publishing, but it is difficult for readers to visualize their influence and citation status by only using data represented in [Table 1](#t0005){ref-type="table"}.Table 1High-yield journals in tourism demand forecasting.Table 1Num.JournalNumber of publicationsProportion /%Impact factor (2018)Country1Tourism Management6516.75%6.012England2Tourism Economics4110.56%1.098England3Annals of Tourism Research215.41%5.493USA4Journal of Travel Research215.41%5.338USA5International Journal of Forecasting164.12%3.386Netherlands6International Journal of Contemporary Hospitality Management123.09%3.957England7Expert Systems with Applications102.57%4.292USA8International Journal of Hospitality Management102.57%4.465England9International Journal of Tourism Research102.57%2.278England10Journal of Travel Tourism Marketing71.80%2.988England

3.4. High-yield authors {#s0045}
-----------------------

It can be seen that the high-yield authors mainly come from China, England, Spain, Australia and the USA (presented in [Table 2](#t0010){ref-type="table"} ). Notably, Authors may have a cross-country cooperative relationship ([@bb0185]), but from the above table it is not possible to draw the cooperative relationships between them.Table 2High-yield authors in the field of tourism demand forecasting, 1999--2018.Table 2AuthorCountryTotal number of published literaturesTotal number of citationsMean citations per articleMaximum number of citationsH indexSong, H. Y.China36162845.2251243Law, R.China14109278.0039953Witt, S. F.England1480757.6412135Li, GEngland974682.8951220Athanasopoulos, G.Australia829937.387013Pan, B.USA816520.636223Claveria, O.Spain79012.86607McAleer, M.Australia725636.5713140Torra, S.Spain79012.86606Monte, E.Spain6203.331510

3.5. High-yield institutions {#s0050}
----------------------------

As for the research institution, institutions that in 1999--2018 spawned the most published articles are based in Western countries and China ([Table 3](#t0015){ref-type="table"} ). The Hong Kong Polytechnic University ranked first in the number of such publications during study period. However, although the number and type of academic institutions could be partially reflected in the table, the knowledge map can visualize the current development status of research institutions to make it easier for researchers to understand the influence of research institutions in the field of tourism demand prediction.Table 3High-yield institutions in tourism demand forecasting.Table 3InstitutionCountryNumber of articlesShare within the country /%Share in the world /%Hong Kong Polytechnic UniversityChina6240.79%15.98%University of SurreyEngland1736.96%4.38%Monash UniversityAustralia1024.39%2.58%Bournemouth UniversityEngland919.57%2.32%University of BarcelonaSpain922.50%2.32%National Chi Nan UniversityChina85.26%2.06%Victoria UniversityAustralia819.51%2.06%Griffith UniversityAustralia717.07%1.80%Penn State UniversityUSA710.94%1.80%Polytechnic University of CataloniaSpain717.50%1.80%

3.6. Highly cited papers {#s0055}
------------------------

The top ten highly cited papers found in the 1999--2018 period ([Table 4](#t0020){ref-type="table"} ) were regarded as the knowledge base for the tourism demand forecasting research. Among them, [@bb0255] published in *Tourism Management* had the highest value of citations (512 citations), and played a significant role in this field.Table 4Highly cited papers in the field of tourism demand forecasting.Table 4AuthorsPublished yearJournalTotal number of citationsAverage citations per yearSong & Li2008Tourism Management51242.67Ye, Law, & Gu([@bb0325])2009International Journal of Hospitality Management39936.27Lee & Taylor([@bb0130])2005Tourism Management16611.07Goh & Law([@bb0070])2002Tourism Management1669.22Chen & Wang([@bb0030])2007Tourism Management15411.85Law2000Tourism Management1477.35Lim & McAleer([@bb0180])2002Tourism Management1317.28Cho2003Tourism Management1237.24Shan & Wilson([@bb0235])2001Applied Economics Letters1236.47Song & Witt2006Tourism Management1218.64

4. Scientometric analysis {#s0060}
=========================

The scientometric analysis that the study conducted to visualize the review of the tourism demand forecasting knowledge area is explained in the following section in terms of co-citation analysis, collaboration network, and emerging trends analysis.

4.1. Co-citation analysis {#s0065}
-------------------------

The analytical tool, co-citation analysis, is often employed to examine a large amount of literature and to reveal a scientific discipline\'s knowledge maps ([@bb0005]). Such analysis examines the frequency that two items of related literature (such as document, journal, or author) are co-cited, meaning jointly cited, by the literature ([@bb0200]). By producing and analyzing the document co-citation network, journal co-citation network, and the author co-citation network, the scientific knowledge structures for the field can be obtained.

### 4.1.1. Document {#s0070}

The study\'s document co-citation analysis evaluated references cited by 388 bibliographic records that were oriented towards understanding the intellectual structures of tourism demand forecasting knowledge domain. In the network of documents co-citation, each node represented one document, the links of the connected nodes represented co-citation relationships, and the different colors expressed corresponding time slices (each time slice represents one year). Larger nodes indicate articles cited by numerous different scholars, suggesting the article\'s relatively more substantial influence to-date, as shown in [Fig. 4](#f0020){ref-type="fig"} .Fig. 4Network of documents\' co-citation: 1999--2018.Fig. 4

To place a numerical value on influence, the study determined that at the end of 2018, 35 documents each received 100 or more citations. Within the network of document co-citation, 13 articles (48.1% percent) of the top 27 cited articles were published in *Tourism Management*, as anticipated, since it is the source journal with most publications on tourism demand forecasting topics. Among the most highly cited papers, [@bb0255], the authors who received the highest number of citations, had reviewed studies published since 2000 on tourism demand modeling and forecasting, and had proposed forecast combination and integration of qualitative and quantitative approaches as research directions for improving accuracy.

In terms of network connections and, therefore, potential influence, as visually shown in [Fig. 4](#f0020){ref-type="fig"}, after Song and Li in size, comes [@bb0285] and [@bb0035] Based on a combination of four popular methods for forecasting tourist arrivals, [@bb0285] had suggested that a combined forecasting method is likely to be better than a single method in many practical situations. [@bb0035] investigated the application of three time-series methods (exponential smoothing, univariate ARIMA, and Elman\'s Model of Artificial Neural Networks) to forecast tourist arrival demand, concluding that Neural Networks is the best way to predict visitor arrivals, especially for a series without an obvious pattern. These review articles could have influence because of their role in the past and the future, but pressing topics represented by new forecasting technology applications have also drawn researchers\' attention.

Three phases seem obvious from the perspective of time dimension. Of the top 27 cited articles, 13 high-frequency cited papers belonged to the development phase (1999 to 2007), and 4 of the top 5 were in this phase, i.e., [@bb0332] (frequency = 38), [@bb0285] (frequency = 33), [@bb0035] (frequency = 30) and [@bb0270] (frequency = 29). In the second phase (2008 to 2013), there were 9 high-frequency cited papers. During the two-phase, the knowledge structure began taking shape. The top high-frequency cited paper, [@bb0255], with a frequency of 84, was in this phase. In the third phase (2014 to 2018), the number of high-frequency cited articles was 5; three of them introduced web search data into tourism demand forecasting and proved that the introduction of search engine data was trending in big data. Notably, to improve the prediction accuracy, effective quality management of search engine data is an obvious research direction and includes the issue of language bias ([@bb0020]; [@bb0055]) and platform bias ([@bb0055]).

### 4.1.2. Journal {#s0075}

Co-citation analysis of journals enables researchers to better understand mainstream journals and their relative influence. The 388 WoS bibliographic records accessed for this study were sourced from a hundred and thirty-four (134) journals, among them eight journals with ten or more records in the research corpus. Notably, Betweenness Centrality (BC), which is a measure of the centrality of a node in a network by calculating the fraction of shortest paths between node pairs that pass through the node of interest, is a reliable index of measure node ([@bb0140]; [@bb0195]). Therefore, the BC is employed in co-citation analysis for finding and measuring journal importance, allowing the study to highlight such journals with a purple circle in the co-cited journal network.

Based on a summary of 20 years\' worth of journals (1999--2018) serving tourism demand forecasting research, [Fig. 5](#f0025){ref-type="fig"} shows the co-citation network at journal level. *Tourism Management* is most prominent with 65 co-citations, followed by *Tourism Economics* (41), and *Annals of Tourism Research* and *Journal of Travel Research* (21 each). These three international journals have high impact factors. The popular travel journal *Tourism Economics* also has published a substantial amount of research literature. Since the literature spans several scientific disciplines, top academic journals such as *International Journal of Forecasting* and *Journal of Forecasting* have published related research papers. *Tourism Management* has the highest BC ratio (0.20) but *Journal of Travel Research* is statistically close (0.17), and the two journals can be diagrammed as core nodes connecting other nodes in the journal co-citation network.Fig. 5Network of journals\' co-citation: 1999--2018.Fig. 5

By using the journals cited to generate a network of co-cited journals, demonstrating 918 nodes and 3337 links in entirety, the most significant cited journals can easily be seen in an infographic ([Fig. 5](#f0025){ref-type="fig"}), with the relative size of the node representing the frequency of co-citation in each journal within the dataset. Co-citation among the network\'s six most co-cited journals was found to have frequency ranging from 296 to 103 citations: *Tourism Management* (296); *Journal of Travel Research* (234), *Annals of Tourism Research* (231), *International Journal of Forecasting* (219), *Tourism Economics* (162) and *Journal of Forecasting* (103), confirming from the perspective of co-citation frequency their importance and influence to tourism demand forecasting studies.

### 4.1.3. Author {#s0080}

The development and improvement of a discipline, including tourism demand forecasting, mainly relies on the cooperation of researchers in related disciplines ([@bb0170]; [@bb0185]). Regarding the co-citation author network, co-authors\' knowledge mapping analysis can visualize data about authors with different influences in their field. Accordingly, the author\'s co-citation analysis can not only obtain the distribution of highly cited authors, but also identify scholars\' relative influence. In the network, the node size is also representative of each author\'s co-citation frequency within the dataset, and the links indicate an indirect cooperative alliance of authors based on their co-citation frequency.

The author co-citation network that contributes to tourism demand forecasting is shown in [Fig. 6](#f0030){ref-type="fig"} , which contains 1588 nodes and 4993 co-citation links. It should be pointed out that in this analysis only the first author is considered and all published articles from a particular author are combined into one. The 11 most cited authors were identified from the network by setting the frequency threshold of 60. These authors, listed with their first co-citation year, were: Song HY (frequency = 194, 2000), Lim C (frequency = 149, 2000), Witt SF (frequency = 124, 2000), Li G (frequency = 100, 2006), Kulendran N (frequency = 98, 2000), Law R (frequency = 92, 2000), Goh C (frequency = 83, 2003), Chu FL (frequency = 71, 2001), Wong KKF (frequency = 69, 2000), Box GEP (frequency = 64, 2000), and Cho V (frequency = 63, 2005). From the first time of reference, all the authors were engaged in tourism demand forecasting research in the field\'s first phase (1999 to 2007), meaning that they have carried out the related study early and made a consistent contribution.Fig. 6Network of author co-citation: 1999--2018.Fig. 6

4.2. Collaboration network {#s0085}
--------------------------

Collaboration analysis will help to understand the trend of academic knowledge spreading among countries/regions, institutions, and authors, and to locate influential research institutions and authors. Therefore, Collaboration analysis is critical to understand scholarly communication and knowledge diffusion. Our study included analysis of countries/regions collaboration network, institutions collaboration network, and author collaboration network.

### 4.2.1. Countries/regions {#s0090}

The network of collaborating countries generated 61 nodes and 129 links, as shown in [Fig. 7](#f0035){ref-type="fig"} , for the years studied. In-network, 25 countries were identified by relative contribution (more than 5 articles) to this research area. Countries with the most publications included China (146 articles, 0.51); USA (64 articles, 0.21); England (46 articles, 0.44); Spain (40 articles, 0.16) and Australia (40 articles, 0.11). These top five countries are core nodes establishing links with other nodes in the countries\' collaboration network.Fig. 7The network of countries for tourism demand forecasting research.Fig. 7

The output is related to tourism market demand, number of research institutions, research funding, and proportion of tourism-focused institutions ([@bb0060]). China (including Mainland, Hong Kong, Taiwan and Macao) was the largest contributor to the study of tourism demand forecasting, publishing 146 papers, followed by the United States (64 articles). Among the reasons for this are that China and the United States have relatively large numbers of citizens who travel, sizable tourism resources and numerous researchers. The fact that the study uses only articles written in English is another important factor to be kept in mind, as Chinese academics are encouraged to publish in the English language. European countries play a crucial role in making connections with other countries according to their high BC, beginning with England (46 articles, 0.44), Spain (40 articles, 0.16), and Switzerland (0.09). Using lines\' color as the visual indicator, cooperative relationships among the top five countries, among authors writing in English, that is, can easily be seen to have been established during the 21st century, while cooperative relationship between the other European countries (such as France and Germany) was established around 2010.

A low level of cooperation is implied by thinner links between countries ([@bb0060]). East Asia, China, Japan and South Korea have relatively less close cooperation as indicated among published articles written in English. Among Western countries, Spain and the United States cooperate less closely with the United Kingdom. This also indicates that under the conditions of large tourism resources, the study of bilateral or multilateral tourism cooperation between China, Japan and South Korea could be strengthened. Meanwhile, the US and European countries could also strengthen research on bilateral or multilateral tourism cooperation. From an intercontinental perspective, though South America and Africa have large tourism resources, tourism management research represented by tourism demand forecasting, as far as sharing knowledge in the English language, is under-represented at present.

### 4.2.2. Institutions {#s0095}

An analysis of the institution collaboration network can help display relationships involved in the cooperation between key institutions in tourism demand forecasting research and can reveal institutions\' influence. In the cooperative network, node size represents number of articles published by the corresponding institution. A time zone map of institutions is also demonstrated to show different institutions with their first-ever publication of research results taken as nodes and arranged in order from far to near. In the time dimension, the visual effect clearly shows the evolution of tourism demand forecasting research institutions.

The institution collaboration network consisted of 443 nodes and 553 collaboration links for the years 1999--2018 ([Fig. 8](#f0040){ref-type="fig"} ). After assigning 5 articles as threshold, 32 research institutions rate being listed, among them, in rank: Hong Kong Polytechnic University (61), University of Surrey (17), Monash University (10), and Bournemouth University (9). From the quantitative perspective among institutions, Hong Kong Polytechnic University, closely followed by Monash University and the University of Surrey, is the largest contributor and represents the leader in tourism demand forecasting research. Therefore, these institutions are unique in their outputs of research in the field of tourism demand forecasting. Meanwhile, from a national perspective, Hong Kong Polytechnic has links with mainland China institutions, specifically the Chinese Academy of Sciences, Beijing Union University, and Shanxi Normal University. UK is the country that has the next top institutions; its University of Surrey ranked 2 and Bournemouth University ranked 3. Bournemouth University in the UK has connections with the University of Portsmouth, the University of Pretoria, and the University of the Arts London. Griffith University is closely linked to fellow Australian Institutions University of Queensland and University of Western Australia, giving an indication that cultural atmosphere and country of origin may affect cooperation within tourism demand forecasting research.Fig. 8The network of institutions for tourism demand forecasting research.Fig. 8

This section presents a time zone view of an institution\'s participation in tourism demand forecasting, as shown in [Fig. 9](#f0045){ref-type="fig"} . Over time, the number of research institutions involved has shown a significant upward trend because of attention from researchers who have published. The studied period can also be divided into three distinct phases from 1999 to 2018 according to the order of publication of institution research results. In the development phase (1999 to 2007), research institutions represented by Hong Kong Polytechnic University and the University of Surrey led in conducting tourism demand forecasting studies, followed by Australia\'s Griffith University, University of Queensland, and Monash University. In the rapid development phase (2008 to 2013), a group of research institutions, represented by Pennsylvania State University (Penn State) in the US, Bournemouth University in the UK, and University of Barcelona, Spain, joined the tourism demand forecasting field around 2011. During the steady development phase (2014 to 2018), mainland China institutions Sichuan University, Jinan University, Shanxi Normal University and the Chinese Academy of Sciences joined the field. New Zealand\'s Massey University and University of Sydney also began to be involved, and in England, the University of Portsmouth and the University of the Arts London, also began to invest in research. It may be worth noting that research institutions involved at this phase seemed to be mostly influenced by the top first-phase traditional institutions.Fig. 9Time zone view of institutions.Fig. 9

### 4.2.3. Author {#s0100}

Collaboration among researchers is necessary for the development of tourism demand forecasting ([@bb0170]). In the collaboration network, the field\'s influential authors can be identified by generating a knowledge mapping analysis of the co-author network. Mapping such a network can help researchers establish cooperative relationships.

The collaboration network for authors who contributed to tourism demand forecasting research consisted of 803 nodes and 1190 collaboration links (presented in [Fig. 10](#f0050){ref-type="fig"} ). The network, with its numerous participants and wide-ranging collaborations, shows the field\'s interdisciplinary nature and reveals that cooperation between researchers has promoted the development and improvement of tourism demand forecasting. The most networked cooperative relationship was the work published by Song HY (frequency = 34) of the Hong Kong Polytechnic University, followed by Witt SF (frequency = 14) from the University of Surrey, Law R (frequency = 14) from Hong Kong Polytechnic University, and Li G (frequency = 9) from University of Surrey, who are leading scholars in tourism demand modeling and forecasting. Thereafter came Athanasopoulos G from Monash University, and Pan B from Penn State University---each with a frequency of eight---that eventually formed a network of cooperation centered on Song HY and Law R.Fig. 10Visualization of the author collaboration network.Fig. 10

The analytical results suggest how institution intimacy and mentoring relationships could contribute to research cooperation over the long term, given that much collaboration is initiated by researchers\' doctoral students, with the next most common collaboration type occurring between colleagues at the same university or institution, followed by collaboration between researchers with a past working relationship ([@bb0331]).

4.3. Emerging trends analysis {#s0105}
-----------------------------

Keywords are a clear sign of understanding the research paper, and cluster analysis of documents co-citations can highlight researcher-recognized information ([@bb0060]; [@bb0185]). Therefore, the evolution of hot topics and emerging trends in tourism demand forecasting research can be obtained by analyzing keywords with co-occurrence, time zone, clustering, and documents co-citation clustering

### 4.3.1. Keywords analysis {#s0110}

Keywords are an obvious marker for understanding research articles\' focal content. Keywords can accurately locate research hotspots of tourism demand forecasting (such as research methods and forecasting directions) and, among the keywords, burst words that represent trends emerging at a certain period of time can indicate the research field\'s frontier ([@bb0090]; [@bb0320]). Analyzing keyword evolution in tourism demand forecasting will clearly show its trending process on the time zone map. In addition, a cluster analysis was performed for analyzing significant topics, content and interrelationships. Since the keywords of each group must be related to one another and differ from other groups, the log likelihood ratio (LLR) is selected as the principle of classification statistics. LLR can generate high-quality clusters with intra-class similarity and low inter-class similarity ([@bb0060])

Keywords with the strongest citation bursts were detected and analyzed using CiteSpace as shown in [Fig. 11](#f0055){ref-type="fig"} . To more intensely explore research direction a time zone view of keywords (illustrated in [Fig. 12](#f0060){ref-type="fig"} ) arranges keywords in correspondence to the time of their publication or their peak time. Based on the network of keywords three interesting results are derived from [Fig. 11](#f0055){ref-type="fig"}, [Fig. 12](#f0060){ref-type="fig"}. First as mentioned above the size of node point represents the frequency of keywords appearing in the 388 articles. "Tourism demand," "demand," "model," "time series" and "forecasting" are the most frequent keywords which is consistent with the theme research. Second by visualizing the keyword map the time series model (i.e. Arima) econometric model (i.e. state space model) and intelligence model (i.e. artificial neural network) are three common predictions method by counting the frequency of occurrence ([@bb0120]; [@bb0150]; [@bb0255]). Third exogenous variables that affect tourism demand forecasting also appear such as weather climate change behavior big data and Google trend ([@bb0075]; [@bb0100]; [@bb0155]). In the era of big data people's internet search behavior is obviously helpful for improving forecasting accuracy ([@bb0085]; [@bb0165]; [@bb0155]; [@bb0205]; [@bb0230]; [@bb0315]). For examplein a very interesting review [@bb0155] summarized a comprehensive review on different types of big data in tourism and classified the data sources. Meanwhile [@bb0175] proposed a composite search index which collected from Google trends and Baidu index for improving the prediction accuracy. The upcoming 5th generation mobile networks (5G) will generate a greater number of news commentsweb searcheswebsite traffic and other data that may be mined to improve the prediction accuracy. Future research in tourism demand forecasting will not be limited to traditional institutional data as the role of unstructured data in early warning and prediction becomes more prominentFig. 11The network of keywords.Fig. 11Fig. 12Time zone map of keywords on tourism demand forecasting.Fig. 12

In this study the 388 articles were arranged into six highlighted research clusters based on keywords. [Fig. 13](#f0065){ref-type="fig"} shows the clustering results and the relative importance rank through the LLR test. Accordingly, cluster IDs with the largest group size are cluster \#0 "big data" (13 members) and \#1 "machine learning" (11 members); cluster \#5 "tourist arrivals" was the smallest sized cluster with 5 members. The majority of relationships in clusters \#0, \#1, \#4 and \#5 were formed between 2011 and 2014, while some links in clusters \#2 and \#3 were formed between 2005 and 2008. From the keyword cluster network, it is evident that recent development in tourism demand forecasting research has centered on clusters \#0 and \#1, as shown by the cluster ID ([Fig. 13](#f0065){ref-type="fig"}). As for the cluster \#0, the big data application represented by search engine data has opened up new fields for tourism demand forecasting, and has obtained better forecasting accuracy ([@bb0100]; [@bb0275]). However, overall correction of search engine data for forecasting, as a likely turning point in the research, is receiving attention ([@bb0020]). As for the cluster \#1, [Fig. 11](#f0055){ref-type="fig"}, [Fig. 12](#f0060){ref-type="fig"} suggest that Support Vector Regression (SVR), Artificial Neural Network (ANN), and Genetic Algorithm (GA) are among the most popular techniques of that cluster. Given ongoing developments in deep network architecture, the deep learning technique based on machine learning will be a promising direction ([@bb0125]; [@bb0190]). For example, as a very interesting research, [@bb0125] proposed deep network architecture for tourism demand forecasting by using the long-short-term-memory (LSTM). Furthermore, in the big data era (i.e., \#0) as shown in [Fig. 13](#f0065){ref-type="fig"}, text data has become one of the main formats of tourism big data ([@bb0160]). As a direct reflection of tourists 'opinions, text mining with the text-based natural language processing (NLP) techniques (such as LSTM which is the extension of cluster \#1) on unstructured data can effectively capture tourists' emotions, and their applications in market demand and destination image analysis ([@bb0160]).Fig. 13Keyword clusters network.Fig. 13

### 4.3.2. Documents co-citation cluster analysis {#s0115}

Cluster analysis of documents co-citation can effectively divide the research field, method, and branches of the literature into manageable clusters, so that other researchers can objectively grasp the information of each group or cluster ([@bb0245]; [@bb0310]). Moreover, the geographic proximity ([Fig. 14](#f0070){ref-type="fig"} ) and the label ([Table 5](#t0025){ref-type="table"} ) which were both produced by documents co-citation clusters indicate sharing of similar ideas and information exchange for tourism demand prediction ([@bb0115]). The silhouette score represents the homogeneity of the cluster, which has higher the value mean the more consistent the members in the cluster ([@bb0170]). In particular, forty-seven (47) document co-citation clusters were generated from the research power network using the LLR algorithm ([Fig. 14](#f0070){ref-type="fig"}), but only 25 clusters are significant. Because the other 22 clusters have zero silhouette scores and only one cluster member, they are not counted as salient clusters in tourism demand forecasting research. The 25 salient and significant clusters, sorted by size, are shown in [Table 5](#t0025){ref-type="table"}. Cluster \#0, "tourism demand," with 133 members, is proportionally the largest cluster, and cluster \#46, "seasonal time series," with five members is smallest in size.Fig. 14Document co-citation clusters network.Fig. 14Table 5Documents co-citation clusters (1999--2018).Table 5Cluster IDSizeSilhouetteMean (year)Labels01330.6912008Tourism demand2800.9122002Monthly arrivals3780.9382011Big data4720.9642006Integrative modeling5710.9612007Ski tourism6650.9561996Feed-forward7590.9411999Neural networks8580.9262009Time-series9570.9842005Co-integration10560.9341999Food11520.9842005Impulse response function12500.9852003Energy14430.9682008Genetic fuzzy systems15390.9851999Indonesia16390.972007Crisis19330.9912003South Korea21300.9832006ARDL22300.9942005Airline industry24270.9262004Shock30190.9861995Partial models33170.9992008Energy efficiency35150.9992007Domain knowledge37130.9942013Multivariate singular spectrum analysis38130.9992006Service price4650.9972006Seasonal time series

[Table 5](#t0025){ref-type="table"} benefits from the visualization of the grouping structure and lists the 25 largest clusters in terms of group size. The silhouette scores for clusters range from 0.691 to 0.999. It\'s worth noting that every salient group has representative literatures which are the journal articles with highest citation frequency. Furthermore, each cluster label is influenced by the co-cited literature, showing that it is well referenced in the field and therefore worth paying attention to what it represents ([@bb0200]). In this paper, the existing clusters label indicate the main research topic in the field of tourism demand forecasting, and it can also be roughly divided into four categories, including data feature (i.e., \#2, \#3, \#8 and \#46), forecasting methods (i.e., \#4, \#6, \#7, \#9, \#11, \#14, \#21, \#24, \#30, \#35 and \#37), destination target (i.e., the \#15 and \#19) and significant term (i.e., \#0, \#5, \#10, \#12, \#16, \# 22, \#33 and \#38) ([@bb0115]).

As for the data feature, the data selected in the literature have obvious characteristics such as seasonality, time series, and monthly frequency that are unique to the tourism market, and are accompanied by the characteristics of big data. Notably, the semi-structured and unstructured data, which are promising data sources in the field of prediction ([@bb0045]; [@bb0160]). Secondly, the forecasting methods mainly involve statistical methods and artificial intelligence methods ([@bb0255]). Combining the data characteristics in big data era, how to make data-driven model selection to improve prediction accuracy is an important research direction in the future ([@bb0155]). More sophisticated techniques such as multivariate singular spectrum analysis have also been introduced to this research area, which is consistent with the conclusions of [@bb0295]. Thirdly, focusing on the destination target, [@bb0225] and [@bb0135] have studied the impact of different events on tourism demand forecasting, such as crisis and visa-free policy. In the future, the impact of the gray rhino incident on tourism demand, such as the length of time, the rate of change in tourist volume, and spillover effects, need to be further strengthened. For example, the impact of political issues between South Korea and Japan on tourism demand, the influence of Brexit on European countries, and the spillover effects on Macau and Singapore caused by the Hong Kong problem. Lastly, according to the significant term, the research field and branch of literature in the field of tourism demand forecasting can be highlighted, so that other researchers can better review the highlighted relevant researches and expand research directions. Notably, more and more researches are shifting from the analysis of overall tourism demand to the research of market segments, such as ski demand (i.e., \#5) ([@bb0110]). Meanwhile, the influence of exogenous variables on the tourism market, such as crisis analysis (i.e., \#16) ([@bb0250]; [@bb0260]), policy shock (i.e., \#12) ([@bb0015]) and online behavior of tourists (i.e., \#3) ([@bb0160]; [@bb0165]), have been favored by researchers. Notably, the effects of different crises on the tourism market deserve attention. For example, the spillover effect of the surge in Singaporean arrivals caused by the Hong Kong issue, and the sharp decline in tourism demand caused by global public health emergencies (such as novel coronavirus pneumonia) has impacted the tourism industry.

5. Conclusion and discussion {#s0120}
============================

A scientific visualization analysis framework is proposed in this paper to depict the 388 articles. Scientometric analysis (i.e., CiteSpace) was used with co-citation analysis, collaboration network and emerging trends analysis in order to present an integrated knowledge map of the tourism demand forecasting field, and to capture hot topics with emerging trends.

Based on the analysis framework, four basic conclusions are drawn. First, according to the statistical data from 1999 to 2018, the field\'s research literature strongly increased throughout three apparent development phases. The overall trend of tourism in the 21st century was one of continued expansion and diversification ([@bb0095]), attracting scholars and institutions to the study of tourism demand forecasting. Second, research written in English on tourism demand forecasting is dominated by China (including Mainland, Hong Kong, Taiwan and Macao), USA, UK, Australia and Spain, based upon the productivity of published authors and institutions. Third, in terms of specific institutions, the Hong Kong Polytechnic University, the University of Surrey, and the University of Barcelona contributed most in the field of tourism demand forecasting based on the articles studied. Hong Kong Polytechnic University is at the center of the most important collaboration network, having established close cooperative networks with other institutions including the University of Surrey and Monash University. Fourth, in terms of the research authors, Song HY (34 articles), Law R (14 articles), Witt SF (14 articles), and Li G (9 articles) were the most productive contributors in this field.

Two conclusions about emerging trends were obtained based on scientometric analysis using CiteSpace, which included methodologies used in tourism demand forecasting research and hot research topics. As for the methodology, in line with [@bb0265], time series models, econometric models and intelligence models can also be found to be the primary methods through co-citation cluster analysis of documents in knowledge map of tourism demand forecasting research (see the forecasting method cluster labels \#4, \#6, \#7, \#9, \#11, \#14, \#21, \#24, \#30, \#35 and \#37 in [Table 5](#t0025){ref-type="table"}). More important, although artificial intelligence methods represented by neural network, genetic algorithms and support vector regressions have been applied by scholars to tourism demand forecasting, deep learning has been less widely applied than in some other fields. Were deep learning\'s application to tourism demand forecasting to reach full swing, there is greater possibility for improving the prediction accuracy. Furthermore, based on the keyword clusters network, researchers have attempted to combine forecasts generated from different models to try to improve accuracy, but additional advanced individual forecasting methods and multiple forecasting horizons should be explored ([@bb0240]).

As for the hot research topics, in big data era, a more reasonable integration of web-based data is the focus and direction of future research in forecasting tourism demand. While surveying contemporary topics and trends to understand tourists\' thinking and motives, several researchers have used search engine data and tourist emotion data as input variables to improve prediction accuracy. The studies revealed how web-based data from search engines, website traffic and tourist emotion can be shaped into an exogenous variable to better forecast demand. Big data quality management has the potential to improve forecasting accuracy ([@bb0020]; [@bb0055]), as well. Moreover, the influence of tourism related events on demand, such as data applications generated by 5G technology, high-speed railway construction, policy measures, and thematic tourism (such as agritourism, parent-child travel) are, so far, untapped research directions. Furthermore, some research topics in tourism forecasting, such as the use of mixed methods, have systematically reviewed articles ([@bb0105]), but there is no scientometric review study, which can be used as a research direction in the future.

A limitation of this study is that its data was retrieved only from the core database of WoS. Although WoS is considered the most authoritative source of data for most publications, some worthwhile literature solely found in other databases may have been overlooked and literature in languages other than English would not have been included, such as Scopus, EBSCO Host (Hospitality and Tourism Complete), ProQuest, Science Direct (Elsevier), Sage and Emerald ([@bb0220]; [@bb0330]). As for the language, the search strategy beyond English language will provide a comprehensive insight in the field of tourism demand forecasting ([@bb0305]). By taking into account other types of databases and documents, further research can extend the boundaries of this study to integrate a more comprehensive knowledge map for tourism demand forecasting.
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